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( novel approach for analyzing severe crash patterns on multilane highways 
nurag Pande , Mohamed Abdel-Aty 
a b s t r a c t  
This study presents a novel approach for analysis of patterns in severe crashes that occur on mid-block 
segments of multilane highways with partially limited access. A within stratum matched crash vs. non-
crash classiﬁcation approach is adopted towards that end. Under this approach crashes serve as units 
of analysis and it does not require aggregation of crash data over arterial segments of arbitrary lengths. 
Also, the proposed approach does not use information on non-severe crashes and hence is not affected 
by under-reporting of the minor crashes. Random samples of time, day of week, and location (i.e., mile­
post) combinations were collected for multilane arterials in the state of Florida and matched with severe 
crashes from the corresponding corridor to form matched strata consisting of severe crash and non-crash 
cases. For these cases, geometric design/roadside and trafﬁc characteristics were derived based on the 
corresponding milepost locations. Four groups of crashes, severe rear-end, lane-change related, pedes­
trian, and single-vehicle/off-road crashes, on multilane arterials segments were compared separately to 
the non-crash cases. Severe lane-change related crashes may primarily be attributed to exposure while 
single-vehicle crashes and pedestrian crashes have no signiﬁcant relationship with the ADT (Average 
Daily Trafﬁc). For severe rear-end crashes speed limit, ADT, K-factor, time of day/day of week, median 
type, pavement condition, and presence of horizontal curvature were signiﬁcant factors. The proposed 
approach uses general roadway characteristics as independent variables rather than event-speciﬁc infor­
mation (i.e., crash characteristics such as driver/vehicle details); it has the potential to ﬁt within a safety 
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 evaluation framework for
. Introduction 
This study presents a novel approach to assess patterns in severe
rashes on multilane arterial segments. Multilane arterials for this
tudy are deﬁned as highways that have (i) at least two lanes in each
irection and (ii) are not limited access facilities (i.e., no express­
ays/freeways). These arterials consist of signalized/unsignalized
ntersections joined by mid-block segments. Assessment of safety
n multilane arterials (or any other roadway for that matter) is tra­
itionally based on two broad criteria, namely, crash counts or crash
ate (i.e., counts normalized by vehicle-mile travelled), and crash
Abdel-Aty, 2003; Knuimantive binomial regression models (e.g., 
njury severity. Crash counts are traditionally estimated using neg-) ordi-Yau, 2004ormulated as binary (severe vs. non-severe; e.g., 
). Injury severity outcomes may be Yau, 2004; Abdel-Aty, 2003
lassiﬁcation of crash outcomes in terms of levels of injury severity 
). Severity based analysis, on the other hand, relies on t al., 1993
e.g., ial segments. 
nal (Abdel-Aty, 2003) or multinomial target variable (Shankar and 
Mannering, 1996). 
The objective of this study is to identify trafﬁc and highway 
design parameters signiﬁcantly associated with severe crashes on 
segments of multilane arterials. Towards that end an alternative to 
these traditional approaches is proposed. In crash frequency anal­
ysis the dependent variable, i.e., frequency of crashes, is calculated 
by aggregating the crash data over speciﬁc time periods (months 
or years) and locations (Golob et al., 2004; Abdel-Aty and Pande, 
2007). In terms of locations, signalized or unsignalized intersec­
constant horizontal curvature and longitudinal slope. 
each direction of a four-lane divided arterial into segments with 
of certain length(s). For example, 
other hand, requires aggregation of crash data over segment(s) 
). Crash frequency analysis for roadway segments, on the Aty, 2006
crash data in the form of crash frequencies (e.g., 
The individual intersections act as logical units for aggregating the 
tions are well deﬁned entities within the roadway infrastructure. 
Wang and Abdel­
Caliendo et al. (2007) divided 
Donnell and The selection of the length(s) of segments used to aggregate the 
analyzed the crash frequencies for ½-mile segments. Mason (2006) 
crash data is arguably arbitrary. The results obtained from crash 
frequency analysis are likely to be sensitive to the lengths over 
which data are analyzed. The comparisons of non-crash data with 
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 rash data proposed in this study allow for using crashes themselves
s the unit of analysis without having to select arbitrary segment
ength over which to aggregate crash data. 
Studies analyzing severity outcomes of crashes (e.g., Yau, 2004;
bdel-Aty, 2003) have used crashes as units of analysis to assess
given a crash has occurred how severe would it be?” However,
omparative analysis between severe and non-severe crashes is
ffected by under-representation of the least severe crashes in the
ocumented crash data (Abdel-Aty and Keller, 2005). Furthermore,
s Milton et al. (2008) have pointed out; the insights provided
y these models have limited application in safety improvement
rograms since these models require event-speciﬁc explanatory
ariables to produce useable estimates of injury severity out­
omes. The approach proposed herein has the advantages of the
ethodology used by Milton et al. (2008) as it uses non-event (i.e.,
rash)-speciﬁc factors affecting severe crashes on roadway sections.
nder-representation of non-severe crashes in the database is a
on-issue for the proposed approach as it relies on comparisons
nly between severe crashes and non-crash cases. For binary clas­
iﬁcation of severe crashes vs. non-crash cases the target variable is
 for severe crashes and 0 for the non-crash cases. The procedure
o extracting crash and non-crash data for the corridors can also be
asily implemented as discussed in the next section. 
. Data extraction and exploration 
The analysis presented herein is based on 6857 crashes (reported
uring the year 2006) from 151 multilane arterial corridors of
ength between 5 and 15 miles in the state of Florida. These cor­
idors consist of signalized intersections as well as access points
ithout signal control (i.e., unsignalized intersections). The analysis
ocuses on segment crashes that are not affected by the intersect­
ng trafﬁc streams and may be attributed only to the segments of
orresponding roadways. To compare the crashes with, a sample of
on-crash cases is generated by randomly selecting milepost loca­
ion, time of day, and day of week combination on these corridors.
hese randomly selected time and locations on the arterials (when
o crash was observed) are then used to form matched strata of
evere crashes and non-crash cases for each of the 151 arterials.
etailed procedure for data collection and preparation is described
n this section. 
.1. Crash data collection 
As mentioned earlier, the severe crashes attributable to arte­
ial segments are the focus of this investigation. These segment
rashes are deﬁned as the crashes that are not related with the
rafﬁc on the intersecting streets. In other words, vehicles involved
n the crash were neither coming from nor going to the intersecting
oads/driveways. First of all crashes with ﬁrst harmful event char­
cterized as “Collision with Motor Vehicle in Transport (Left-turn)”
nd “Collision with Motor Vehicle in Transport (Right-turn)” were
liminated from the sample. The next step was to identify which
f the remaining crashes may be attributable to arterial segments
nd not to (signalized or unsignalized) the intersections. A detailed
eview of crash reports revealed that the variable “Site location”
rom the crash reports by itself was a weak indicator for the same.
t was observed that it is possible for a crash to be not attributable to
 signalized intersection even if it may have occurred very close to
ne. In fact, “trafﬁc control” in combination with the “site location”
id a superior job in attributing crashes to one of the three roadway 
lements (i.e., segments, signalized intersections, and unsignalized 
ntersections) associated with the event of crash. Also, crashes with 
Collision with Motor Vehicle in Transport (Angle)” as the identiﬁed 
rst harmful event were excluded from the sample if the contribut­ing cause for the crash was noted as “Improper turn” or “Failed 
to yield Right of Way”. These crashes are caused by vehicles mak­
ing right/left turn turns and/or by vehicles that fail to yield right 
of way to through vehicles. Crashes remaining in the database are 
not attributable to signalized/unsignalized intersections and may 
be solely attributed to the segments of the multilane highways. 
The segment crash data consisted of 6857 events with 10.69% 
of them resulting in fatal or incapacitating injury. The remaining 
89.31% of the crashes were non-severe crashes. For the 6208 crashes 
for which type of crash (i.e., ﬁrst harmful event) information was 
available, the breakdown of severe vs. non-severe crashes by type 
and their overall share in the crash data is depicted in Fig. 1. It
is worth repeating that one may expect the share of non-severe 
crashes within each of the crash types to be even higher than shown 
in Fig. 1 due to the well documented problem of under-reporting of 
these crashes (Abdel-Aty and Keller, 2005). 
In Fig. 1 the crash data are divided into ﬁve collision types 
namely, rear-end, single-vehicle/off-road, lane-change related, 
pedestrian, and head-on. This categorization is obtained by log­
ically combining categories of “ﬁrst harmful event” in the crash 
database. For example, crashes with ﬁrst harmful events “Motor 
vehicle ran into Ditch/Culvert” and “Ran off-road into water” were 
part of the crash type Single-vehicle off-road. The ﬁve types of 
crashes are arranged from left to right in Fig. 1 by descending 
share in the overall crash data. Note that head-on collisions are 
rare on these multilane highways and makeup only 2% of the data 
even though 27% of them are severe. Collisions involving pedes­
trians have the highest percentage of severe crashes followed by 
head-on and single-vehicle/off-road crashes, respectively. Lane-
change related and rear-end collisions have the least percentage of 
severe crashes, respectively. Lane-change related crashes consist of 
crashes with ﬁrst harmful event as “Collision with Motor Vehicle in 
Transport (Sideswipe)” and “Collision with Motor Vehicle in Trans­
port (Angle)” where the contributing cause is neither “Improper 
turn” nor “Failed to yield Right of Way”. Hence, we are considering 
only the angle crashes attributable to the arterial segments, which 
by deﬁnition are not affected by trafﬁc streams (either from or turn­
ing on to) intersecting roadways. The authors postulated that these 
crashes would never be right angle crashes. Therefore, the crashes 
for which the ﬁrst harmful event has been noted as “Collision with 
Motor Vehicle in Transport (Angle)” (by the law enforcement per­
sonnel on crash site) are essentially lane-change related crashes. 
This postulation was veriﬁed by manually reviewing 70 randomly 
selected crash reports for such crashes. 
2.2. Extraction of non-crash cases 
A sample of non-crash cases has been used in the analysis which 
acts as control within strata deﬁned by the corridors. These non-
crash cases were drawn randomly from each corridor. The year 
2006 may be divided into 35,040 15-min periods (4(15-min periods 
per hour)*24 h*365 days = 35,040 15-min periods), which would be 
the number of options available to choose the “time of non-crash”. 
Similarly, pool of possible milepost locations for each corridor con­
sisted of mileposts starting at beginning milepost and culminating 
at the ending milepost with an increment 0.001 mile. Once the time 
and locations for non-crash cases were available; Roadway Char­
acteristics Inventory database was then used to derive roadway 
characteristics for these non-crash cases based on the milepost. The 
increment level of 0.001 mile was chosen since the crash location 
milepost in the crash database also reported with three decimal 
places. 
With the selected increments of time and location for 
non-crash cases consider a corridor with beginning milepost 
0.0 and ending milepost 6.0, there would be 210,240,000 
(35,040*(6/0.0001) = 210,240,000) options to select (day, time, and 
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tFig. 1. Severity of crashes by collision t
ocation of) non-crash cases. 0.5% of these non-crash cases were
rawn randomly from the available options for each corridor. These
elected non-crash cases for each of the corridors are matched
ith the severe crashes from the same corridors to create 151
trata for within stratum matched sampling framework. Details of
he sampling and modeling procedure are described later in the
aper. It is worth mentioning that this process of creating ran­
om time/day/location sets for non-crash events may be replicated
asily for any highway. Based on the set of locations selected; the
elevant highway design data may be derived from the correspond­
ng roadway characteristics inventory maintained by most agencies.
.3. Trafﬁc/geometric information for crash and non-crash cases 
The next step was to extract geometric design features such
s the curvature, median type, sidewalk, etc. for crash and non-
rash cases. These relevant variables were extracted from the
oadway Characteristics Inventory (RCI) database (RCI Features
nd Characteristics Handbook, 2001). The extraction of traf­
c/geometric information was based on the milepost locations
nd the roadway IDs for the arterial corridors. For crashes, it was
he actual milepost location of the crash from the FDOT crash
atabase and for non-crash cases it was assigned using the pro­
edure described in the last section. 
RCI database provides information on Florida’s state maintained
oad network indexed by data segments. RCI features are listed in
he handbook (RCI Features and Characteristics Handbook, 2001)
ublished by FDOT (Florida Department of Transportation) and
able 1 details the relevant variables extracted from this database.
ote that most of the variables tabulate are not in exactly the same
orm as the original database. The original categories of the vari­
bles in the RCI database were combined to have a meaningful
ample size within crash and non-crash data. Table 1 also provides
he percentages of crash and non-crash cases for all categories of
he variables listed. It may be compared to the overall percentage of
rash and non-crash cases in the database (found in the header row
f Table 1) to get a descriptive estimate of the variables or categories
ssociated with crash occurrence on multilane highways. 
ADT, percentage of trucks (T-factor), and K-factor (design hour
olume as a percentage of ADT) were measured on a continuous
cale in the original database. For the analysis these variables were
ivided into categories since we do not expect their relationships
ith severe crash occurrence to be monotonous in nature. As wehall observe later, the results actually substantiate the reasoning 
ehind the categorization. The categorization of the continuous 
ariable ADT is such that the four resulting categories have same 
umber of observations. T-factor and K-factor were divided into 
hree categories such that the resulting categories have same num­d their share in the overall crash data. 
ber of observations. This method of categorization makes it more 
likely that resulting coefﬁcients for all categories (in the models 
estimated) of a variable are equally reliable. 
Time of crash (and non-crash cases), along with day of week, was 
combined into one variable representing day of week and time of 
day. The four categories of this variable include weekday morning 
peak hour, weekday afternoon peak hour, Friday/Saturday night, 
and other off-peak periods. Note that the weekend night times was 
separated from the other off-peak periods because of the increased 
likelihood of alcohol impaired driving. It is worth mentioning that 
this time of day information could be derived using increments 
larger than 15 min (e.g., 60 min) when creating the pool of all pos­
sible values for “time of non-crash”. 
The RCI database also provides pavement condition informa­
tion in the form of Present Serviceability Rating (PSR) based on 
the AASHTO Road Test (RCI Features and Characteristics Handbook, 
2001). The ﬁnal variable used for pavement condition had the fol­
lowing three categories: very poor/poor pavements (PSR < 3.00), 
fair pavements (3.0 ≤ PSR < 3.9), and good/very good pavements 
(PSR ≥ 4.0). 
Three binary variables representing the presence of horizon­
tal curvature, roadside parking, and crash attenuators were also 
used in the analysis along with type of median and presence/width 
of sidewalk. Median types were consolidated into nine categories 
shown in Table 1. The presence and width of the sidewalk was rep­
resented by the variable “sidewalk” and its categories are also listed 
in Table 1. 
One of the variables considered but not included in the analysis 
was Sun glare. It was available for crash cases from the event reports 
but was missing for the non-crash cases. Presence/possibility of Sun 
glare could be ‘derived’ from the location and time of day for the 
non-crash cases. It was, however, observed, that the total number 
of crashes for which “Glare” was noted as a vision obstruction were 
only 19. To further investigate this factor the crash reports with 
“Other (Explain)” as the vision obstruction were read one by one. It 
was found that among 99 such crashes only two were affected by 
Glare. Sample size of 21 out of the total 6857 crashes was not sufﬁ­
cient to examine Sun glare as a factor. The variables shown in Table 1 
are not event-speciﬁc characteristics (such as driver characteristics, 
seat-belt use, etc.) which, as Milton et al. (2008) argued, allows for 
a more general, non-event-speciﬁc interpretation of factors. 
3. Modeling methodology For modeling crash vs. non-crash cases, within stratum matched 
case–control sampling is implemented. The purpose of the matched 
sampling based analysis is to explore the effects of variables of 
interest while controlling for the confounding variables through 
Table 1 
Variables used in the analysis. 
Variable description Categories Percentage of crash cases (10.52) (%)a Percentage of non-crash cases (89.48) (%)a 
Posted speed limit Speed limit < 40 MPH 
40 ≤ speed limit < 50 MPH 
50 ≤ speed limit <60 MPH 
Speed limit ≥ 60 MPH 
10.44 
15.13 
7.45 
3.91 
89.56 
84.87 
92.55 
96.09 
ADT (annual daily trafﬁc) ADT < 14,900 
14,900 ≤ ADT < 26,500 
26,500 ≤ ADT < 40,000 
ADT ≥ 40,000 
2.49 
6.27 
12.57 
20.77 
97.51 
93.73 
87.43 
79.23 
Average K-factor K-factor < 9.35 
9.35 ≤ K-factor < 10.14 
K-factor ≥ 10.14 
13.53 
12.67 
5.86 
86.47 
87.33 
94.14 
Average truck factor T-factor < 4.84 
4.84 ≤ T-factor < 8.75 
T-factor ≥ 8.75 
13.33 
12.26 
5.97 
86.67 
87.74 
94.03 
Combination of day of week and time of day Afternoon peak weekday 
Friday or Saturday Night 
Morning peak weekday 
Off-peak 
20.82 
9.74 
13.54 
9.17 
79.18 
90.26 
86.46 
90.83 
Pavement condition (PSR) PSR < 3.0 very poor/poor 
3.00 ≤ PSR < 3.90 fair 
PSR ≥4.00 good/very good 
5.82 
10.37 
11.18 
94.18 
89.63 
88.82 
Median type Two-way left-turn lane (TWLTL) 
Grass/lawn 
Guard rail 
Barrier other than guard rail 
Canal or ditch 
Curb < 6 in. 
Curb ≥ 6 in. 
Paved not for travel 
No median 
11.60 
18.87 
17.85 
6.72 
9.78 
17.19 
14.28 
8.62 
2.47 
88.40 
81.13 
82.15 
93.28 
90.22 
82.81 
85.72 
91.38 
97.53 
Sidewalk No sidewalk, 
Sidewalk ≤ 6 ft 
Sidewalk > 6 ft  
7.34 
13.81 
14.38 
92.66 
86.19 
85.62 
Presence of trafﬁc crash attenuators Yes 
No (binary) 
14.56 
10.48 
85.44 
89.52 
Presence of on-street parking Yes 
No (binary) 
14.50 
8.11 
85.50 
91.89 
Presence of horizontal curvature Yes 
No (binary) 
4.54 
10.73 
95.46 
89.27 
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he design of the study (Abdel-Aty et al., 2004). It is used in this
tudy to compare sample of crashes with non-crash cases within the
ata stratiﬁed by the corridors. Crash based case–control and cohort
ethod has also been used to estimate Accident Modiﬁcation Fac­
ors (AMF) by Jovanis and Gross (2007). Harb et al. (2008) used the
:n matched sampling to compare work-zone with non-work-zone
rashes. 
Under the proposed matched study design, crash and non-crash
ases from each of the 151 arterials form an individual stratum. Each
tratum consists of severe crashes and non-crash cases from the
orresponding corridor. The sampling is referred as m:n matching
nd each corridor (i.e., stratum) can have different number of crash
m) and non-crash cases (n). Within stratum differences between
haracteristics of crash and non-crash cases may then be utilized
or estimation of statistical model(s) for the binary target variable. 
In the present analysis there would be 151 strata (equal to the
umber of corridors) with m crashes and n non-crash cases in each 
tratum j. Lets stipulate pj(xij) to be the probability that ith obser­
ation in the jth stratum is a crash with xij = (x1ij, x2ij,. . .xkij) being 
he vector of k variables x1, x2,. . .xk; i =  0, 1, 2,. . .m + n − 1; and j = 1,  
,. . .N. The probability pj(xij) of an observation being a crash may be modeled as follows: 
log it(pj(xij)) = ˛j + ˇ1x1ij + ˇ2x2ij + . . . + ˇkxkij (1) 
The intercept term ˛j is different for different strata. It summa­
rizes the effect of variables used to form strata on the probability 
of crash. In order to take account of the stratiﬁcation in the anal­
ysis of the observed data, one constructs a conditional likelihood. 
The likelihood function L(ˇ) is independent of the intercept terms 
˛1, ˛2,. . .˛N. Hence, the effects of matching variables cannot be 
estimated using Eq. (1) even as it is not required to estimate the 
relative odds of crash occurrence. Also, note that the sampling strat­
egy cannot be used to estimate crash probabilities and only relative 
odds of crash occurrence may be estimated. However, the values 
of the ˇ parameters that maximize the likelihood function are in 
fact the estimates of ˇ coefﬁcients in Eq. (1). Further details on the 
derivation of maximum likelihood function may be found in Collett 
(2003). 
The ﬁrst step in the analysis was to estimate simple (with only 
one covariate) models. For estimating simple models two compar­
isons were considered: (1) crash vs. non-crash and (2) severe crash vs. 
non-crash cases. The severe crashes are deﬁned as the crashes with 
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mncapacitating injury and/or fatal injury. The other injury severity
evels including possible and non-incapacitating injuries are con­
idered to be non-severe crashes. It is worth mentioning that the
rst of these two comparisons is problematic since the sample con­
isting of all crashes would be biased with least severe crashes
nder-represented due to the reporting bias mentioned earlier
Abdel-Aty and Keller, 2005). Therefore, the preliminary analysis
resented herein as well as the multivariate analysis was limited
o the comparison of severe crashes vs. non-crash cases. Logistic
egression based on within stratum matched sampling of crash
nd non-crash cases is used as the statistical tool. The simple (one
ovariate) models are estimated using the SAS procedure TPHREG
SAS/STAT® 9.1 User’s Guide, 2004). Note that the categorized vari­
bles based on the ranges of T-factor, K-factor, and ADT along with
peed limits, width of sidewalk, and pavement surface conditions
re used as nominal variables (as opposed to ordinal variables).
he nominal scale ensures that one is able to capture the non-
onotonous nature of the relationship between these variables and
rash occurrence. 
. Preliminary analysis: simple models 
Table 2 shows the coefﬁcients of the simple models for each
f the variables along with corresponding p-values. Signiﬁcantly
ositive (p-value in bold font), signiﬁcantly negative (p-value in
old-italic font), and statistically insigniﬁcant coefﬁcients (p-value
n regular font) are distinguished in the table. It may be observed
hat sections with “40 ≤ speed limit < 50 MPH” are more likely to
ave severe crashes compared to sections with speed limit greater
han 60 MPH (i.e., the base case). These results provide justiﬁcation
or using this variable on a nominal scale and not on a continuous
r ordinal scale. Similarly, for severe crashes segments with ADT
rom 26,500 through 40,000 are not signiﬁcantly different from seg­
ents with ADT greater than 40,000. Hence, it seems that the severe
rash occurrences may not be directly attributable to exposure. It
hould be noted that while K-factor is not a factor when comparing
evere crashes with non-crash cases it might be related to certain
ypes of severe crashes. Based on the coefﬁcients for the two levels
f the nominal variable representing the truck factor (compared to
he base case “T-factor ≥ 8.75”) the segments with T-factor < 4.84%
re more likely to have severe crash. It may be related with the fact
hat multilane arterials with low truck factor are expected to have
igher pedestrian trafﬁc, which increases the likelihood of pedes­
rian related crashes (which in turn have disproportionately high
evere to non-severe crash ratio). This inference, however, further
ighlights the need for segregating crash data by type. Also, of
ote is the fact that Friday/Saturday nights have the most signif­
cant coefﬁcient compared to all other categories of the variable
epresenting day of week/time of day. 
Corridors without a sidewalk are less likely to have severe
rashes. The results also show that the improved ride quality (rep­
esented by levels of pavement condition) improves safety with
avements classiﬁed as very good/good having a signiﬁcantly neg­
tive coefﬁcient compared to poor/very poor pavements. Also, for
ultilane arterials with attenuators, at 90% conﬁdence interval,
ttenuators’ presence has no signiﬁcant effect on the occurrence
f severe crashes. 
The median types are divided into nine types with the no median
eing the base case. The coefﬁcient for grassed median is almost
s signiﬁcant as the curbs. The results are reﬂective of the fact
hat rural sections (with grass medians) are more likely to have
evere crashes. The next section outlines some of the issues with 
his preliminary analysis and then expands on it to estimate logistic 
egression models with multiple covariates for severe crash data 
egregated by type. The extended analysis is useful for drawing 
ore precise inferences. 5. Analysis with multiple covariates 
The sample used for preliminary analysis consisted of all differ­
ent types of severe crashes. The different group of severe crashes 
may in fact have different trafﬁc/geometric design variables asso­
ciated with them. The analysis in this section is carried out for 
severe crashes segregated by crash type. Among the severe crashes, 
single-vehicle/off-road crashes were in a plurality with more than 
35% of the data followed by rear-end, pedestrian related, and lane-
change related crashes. The head-on collisions were less than 4% of 
the severe crashes. Head-on crashes were not used in the analysis 
since the absolute number of severe crashes for this type was too 
low to provide any meaningful sample size for analysis. Hence, the 
analysis was limited to four different models with severe crashes 
of four types individually compared with non-crash cases. These 
crash types are rear-end, lane-change related, pedestrian related, 
and single-vehicle/off-road crashes. Potential independent vari­
ables used in the analysis were shown in Table 1. Backward variable 
selection procedure was used for identifying the most signiﬁcant 
variables from the initial set of potential variables. 
Table 3 shows the results of backward variable selection proce­
dure with within stratum matched case–control logistic regression. 
For backward selection procedure parameters for the complete 
model (with all potential variables) are ﬁrst estimated. Then the 
results of the Wald test for individual parameters are examined and 
the least signiﬁcant effect, which does not meet the p-value crite­
rion for keeping a variable in the model, is removed. The removed 
effect is permanently excluded from the model and the process is 
repeated until no other effect may be removed based on the p-value 
threshold (p-value > 0.15) (SAS/STAT® 9.1 User’s Guide, 2004). The 
backward selection model is preferred because it starts with the 
complete set of variables included in the model. For more details on 
the backward variable selection and its advantages one may consult 
Vittinghoff (2005). 
The results in Table 3 are tabulated in eight columns with 
two columns each (representing coefﬁcient and corresponding 
p-values) for the four types of crashes. Note that the rows corre­
sponding to some of the variables show “X” since these variables 
(or all the categories of nominal variables) were not found to be sig­
niﬁcantly associated with the occurrence of corresponding severe 
crash type. The likelihood ratio test statistic as well as correspond­
ing p-values as measures of goodness-of-ﬁt have also been provided 
(at the bottom of the table) for all four models. The test statistics 
as well the corresponding p-values indicate that all models are sta­
tistically signiﬁcant. Based on the p-values for likelihood ratio test, 
the model explaining severe lane-change related crashes seems to 
have the least ‘explanatory power’. The results tabulated in Table 3 
are discussed in the following two subsections: ﬁrst the signiﬁcant 
factors associated with each of the four crash types are discussed 
individually and then, a discussion on differences in signiﬁcance of 
factors among the different crash types is provided. 
5.1. Signiﬁcant variables for each crash type 
For severe rear-end crashes speed limit, ADT, K-factor, time of 
day/day of week, median type, pavement condition, and presence 
of horizontal curvature were signiﬁcant. Severe rear-end crashes are 
more likely to occur on sections with “40 ≤ speed limit < 50 MPH”. 
On multilane arterial sections with speed limit less than 40 MPH 
speeds are likely too low to have severe rear-end crashes; while on 
sections with speed limit greater than or equal to 50 MPH rear-
end crashes are less likely to occur. Compared to the base case 
(“ADT ≥ 40,000”) the sections with lower ADT are more likely to 
observe severe rear-end crashes. However, the magnitudes of coef­
ﬁcients (even though they are negative for all three categories with 
lower ADTs) show that sections with “ADT < 14,900” (category with 
Table 2 
Results from the preliminary analysis (one covariate). 
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oowest ADT) are in fact more likely to experience a severe rear-end
rash compared to sections with “14,900 < ADT ≤ 26,000”. It indi­
ates that occurrence of severe rear-end crash occurrences are not
irectly related with exposure. The results once again highlight the
mportance of measuring these variables on a nominal scale. The
ections with “K-factor < 9.35” are more likely to have severe rear-
nd crashes. With a lower K-factor relatively less trafﬁc is served
uring the design peak hour and hence the vehicles are more likely
o interact during off-peak hours, possibly at higher speeds, lead­
ng to increased likelihood of severe rear-end crashes. In terms of
evere rear-end crashes Friday and Saturday nights are statistically
ot different than other off-peak periods. Severe rear-end crashes
re less likely to occur on the fair pavements compared to poor pave­
ents. Note that the coefﬁcient for good/very good pavement is also
egative compared to the base case (poor/very poor pavements)
ven though it is not statistically signiﬁcant. Presence of horizon­
al curvature was negatively associated with likelihood of severe 
ear-end crashes. Median types related with likelihood of severe 
ear-end crash occurrence are discussed in the next section since it 
equires some context from their relationship (or lack thereof) with 
ccurrence of severe crashes of other types. ADT, K-factor, T-factor, and pavement condition are signiﬁcantly 
related with severe lane-change related crashes. As such a mono­
tonic trend may be observed in the coefﬁcients for the three classes 
of the ADT variable. It indicates that the severe lane-change related 
crashes on arterial segments may be explained in terms of exposure. 
Segments with K-factor greater than 10.14% are more likely to have 
severe lane-change related crashes. Severe lane-change related 
crashes are also more likely to occur on sections with “4.84 ≤ T-
factor < 8.75”. The sections with even lower truck factor also have 
a negative coefﬁcient compared to sections with “T-factor ≥ 8.75” 
but it is not statistically signiﬁcant. The results indicate that arterial 
sections with higher percentage of trucks are more likely to have 
severe lane-change related crashes. It is an expected result since 
the lane-change related collisions involving large trucks are likely 
to be more severe. Hence, lane-change related warnings on sections 
with high truck trafﬁc may be an effective countermeasure for such 
crashes. Fair pavements reduce the likelihood of severe lane-change 
related crashes and the coefﬁcient for good/very good pavement is 
also negative with p-value only slightly higher than 0.10. It shows 
that improving pavement condition can lead to reduction in severe 
lane-change related crashes. 
Table 3 
The parameters signiﬁcantly affecting severe crashes of different types. 
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pFor pedestrian related severe crashes on arterial segments T-
actor, time of day/day of week, along with presence of sidewalk,
ttenuators, and roadside parking were signiﬁcant factors. Seg­
ents with very low truck trafﬁc are more likely to have pedestrian
elated crashes, since the sections with high pedestrian trafﬁc are
xpected to have very little to no large trucks. This is why the rela­
ionship between crash likelihood and T-factor is not monotonous.
he corridors with “4.84 ≤ T-factor < 8.75” and “T-factor ≥ 8.75” are
ot statistically different from each other, while the corridors with
T-factor < 4.84” are signiﬁcantly more likely to have pedestrian
elated severe crashes. Sidewalks greater than or less than 6 ft are
ot statistically different in terms of occurrence of severe pedes­
rian crashes. It indicates that widening the sidewalk may not
ead to a reduction in risk of severe pedestrian related crashes.
owever, the roadways with no sidewalk are in fact less likely to
ave these crashes likely due to low pedestrian trafﬁc. Presence of
oadside parking is signiﬁcantly related to increased likelihood of
edestrian related crashes. With roadside parking one expects sig­
iﬁcant number of mid-block road crossings/pedestrian trafﬁc and 
ence increased likelihood of pedestrian related severe crashes. As 
xpected, pedestrian related crashes are also likely to occur dur­
ng Friday/Saturday nights. Signiﬁcantly positive coefﬁcients for 
resence of attenuators and horizontal curve are explained in the next section since the relevant discussion requires the context of 
insigniﬁcance of these parameters in the other three models. 
For severe single-vehicle/off-road crashes time of day/day of 
week, median type, and presence of parking are signiﬁcant. Fri­
day/Saturday nights have signiﬁcantly higher likelihood of severe 
single-vehicle crashes compared to other periods of the day. All 
eight median types are signiﬁcantly more crash prone compared 
to no median. Canal or ditch as median increase the likelihood of 
severe single-vehicle crashes and have the largest coefﬁcient. “Bar­
rier other than guard rail” has the most signiﬁcant coefﬁcient in 
terms of the (smallest) p-value. It indicates that the presence of 
median barriers other than guard rail may increase the likelihood 
of severe crashes. The ﬁnding appears to be consistent with Elvik 
(1995) who noted that median barriers (other than guard rail) lead 
to a 30% increase in crash rate without a corresponding reduction 
in severity given a crash has occurred. It is also worth mentioning 
that presence of attenuators is not a signiﬁcant factor for severe 
single-vehicle/off-road crashes. A signiﬁcant proportion of severe 
single-vehicle crashes involve hitting roadside signs, and roadside 
objects. In the area where roadside parking is present one is more 
likely to ﬁnd and hit such objects and hence presence of roadside 
parking is positively related with the severe crashes involving single 
vehicle. 
pondi
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tFig. 2. Comparison between crash types based on chi-sq. statistic corres
.2. Differences among crash types 
It is interesting to note that none of the factors are signiﬁcantly
ssociated with all four groups of crashes. Even the categories of
he variable day of week/time of day, which is signiﬁcantly related
o three types of crashes, have widely varying coefﬁcients. In this
ection we discuss the differences in coefﬁcients of the same vari­
bles for different crash types. Figs. 2–5 compare different crash
ypes by plotting a combination of the sign (positive above the x-
xis and negative below) and strength of the coefﬁcients (in terms
f the chi-sq. test statistic value corresponding to the coefﬁcients)
or each variable. 
In Fig. 2 it may be observed that speed limit on the arterial seg­
ents is not a signiﬁcant factor for any group of severe crashes
xcept for the rear-end crashes. ADT is not a signiﬁcant factor for
edestrian related and single-vehicle/off-road crashes. Since ADT
as an effect on inter-vehicle interactions it is reasonable that this
ariable only affects the severe crash types involving more than one
oving vehicles. The coefﬁcients for three categories of the ADT
rovide an interesting contrast between rear-end and lane-change
elated crashes. The contrast is clearly visible in Fig. 2. With increas­
ngly negative coefﬁcients for the three categories with lower ADT;
t is apparent that severe lane-change related crashes on arterial
egments are actually better explained by exposure compared to 
he severe rear-end crashes. 
Most drivers drive slower on the curved sections which leads 
o the presence of horizontal curve either not being signiﬁcant (for 
Fig. 3. Comparison between crash types based on chi-sq. statistic correspondng to coefﬁcients for speed limit, ADT, and presence of horizontal curve. 
severe lane-change related and single-vehicle crashes) or even neg­
atively related with likelihood of severe rear-end crashes. However, 
slower speeds do not reduce the severity of pedestrian crashes. 
Therefore, presence of horizontal curvature is positively related 
with likelihood of severe pedestrian related crashes. 
The contrast between coefﬁcients of T-factor for pedestrian and 
lane-change related severe crashes in interesting (Fig. 3). While cor­
ridor sections with lowest percentage of trucks (T-factor < 4.84%) 
are more likely to have severe pedestrian related crashes; the sec­
tions highest percentage of trucks (T-factor ≥ 8.75%) are more likely 
to have severe lane-change related crashes. The former is likely 
related with higher pedestrian exposure on arterials with low truck 
trafﬁc; while the later could be the basis for warning motorists 
about being cautious while changing lanes on sections with high 
T-factor. 
Note that with poor/very poor pavements as the base case both 
remaining categories have a negative coefﬁcient indicating that 
improving pavement condition may actually reduce the likelihood 
of both severe rear-end and lane-change related crashes (Fig. 4). 
One may suspect that improved ride quality would increase the 
travel speed thereby increasing the likelihood of severe crashes. 
That concern, however, is somewhat alleviated by the fact that that 
pavement condition is not signiﬁcant for severe single-vehicle/off­
road crashes. Presence of crash attenuators is a signiﬁcant factor 
associated with severe pedestrian related crashes. It indicates that 
attenuators are installed at high crash risk locations but since these 
attenuators can only reduce the severity of impact for the vehi-
ing to coefﬁcients for K-factor, T-factor and presence/width of sidewalk. 
Fig. 4. Comparison between crash types based on chi-sq. statistic corresponding to coefﬁcients for day of week/time of day, pavement condition, presence of attenuators, 
and roadside parking. 
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les; they are unlikely to reduce the severity of pedestrian related
rashes. It explains their signiﬁcantly positive association with like­
ihood of severe pedestrian crashes while no signiﬁcant association
ith severe crashes of other three types. The results show that in
ddition to the crash attenuators some countermeasures for pedes­
rian related crashes also need to be considered. 
Median type is not a signiﬁcant factor for severe lane-change
elated or pedestrian crashes, which is why Fig. 5 only shows
ars corresponding to rear-end and single-vehicle/off-road crashes.
mong the severe rear-end crashes barrier other than guard rail
re not signiﬁcantly different from the roadway sections without
 median. However, for severe single-vehicle crashes barrier other
han guard rail is the most signiﬁcant category. Sections with paved
edian not for travel and TWLTL are not signiﬁcantly associated
ith severe rear-end crashes but are more likely to have severe
ingle-vehicle/off-road crashes. Sections with lawn/grass median
nd with canal and ditch are signiﬁcantly associated with both of 
hese groups of severe crashes. Their association with severe rear-
nd crashes is likely explained by the fact that these medians are 
enerally found on sections with high travel speeds where drivers 
re likely to be caught unaware of the trafﬁc ahead. On the other atistic corresponding to coefﬁcients for median type. 
hand these sections are also prone to severe single-vehicle/off-road 
type collisions either because of drivers trying to avoid a rear-
end collision and/or losing control of the vehicles due to excessive 
speeds. 
6. Concluding remarks 
This study provides a new approach for identifying signiﬁcant 
factors related with severe crashes on segment (or mid-blocks) of 
multilane arterials with partially limited access. The fundamen­
tal difference between this approach and crash frequency analysis 
is that crash counts do not need to be aggregated over roadway 
segments of arbitrarily selected length value that may inﬂuence 
the results. The approach also improves on another traditional 
approach, where severity of crash (given a crash has occurred) is 
estimated, since our approach does not use information on non-
severe crashes. Non-severe crashes are usually under-reported and 
hence under-represented in the data sources (Abdel-Aty and Keller, 
2005). 
The methodology to derive non-crash control set may be easily 
implemented for any highway corridor to conduct a similar analy­
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Vittinghoff, E., 2005. Regression Methods in Biostatistics: Linear, Logistic, Survival, is. To get more speciﬁc insights into severe crashes on a particular
orridor one may consider carrying out the analysis for a single cor­
idor as well. It is worth mentioning that this approach is limited
n that it is not suitable for comparing intersections’ crash patterns.
ince individual intersections provide logical units for aggregating
he crash data a frequency approach is still best suited for analysis
f intersection crashes. Comparisons between selected non-crash
ases with the signalized (or unsignlaized) intersection related
rashes using the proposed approach, for example, would yield
nformation that would mostly reﬂect the characteristics belong­
ng to locations of the signalized intersection and not much else.
owever, with segment crashes the comparisons yield important
eometry/trafﬁc related parameters that signiﬁcantly relate with
rash occurrence on the segments. 
The analysis yielded some interesting relationships between
evere crash occurrence and presence of crash attenuators, times
f day/day of week, and horizontal curvature. The relationship
etween exposure (represented by ADT) and severe lane-change
elated crashes on arterial sections was found to be more appar­
nt compared to relationship between ADT and severe rear-end
rashes. The information not used explicitly for the analysis is
he driver related factors and a within stratum matched sam­
ling technique was used to implicitly control for these factors.
ne way to account for these factors is to use induced exposure
o derive the driver related factors for crash and non-crash loca­
ions and then include them as independent variables. Once one
ccounts for those factors explicitly the crash vs. non-crash clas­
iﬁcation approach may also be suitable for a data mining type
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